Abstract: China has become the second-largest economy in the world; however, the price of its rapid economic development has been a rise in serious environmental pollution, with air quality being a major public issue in many regions. However, few previous energy and environmental sustainability studies have included the Air Quality Index (AOI) and in particular CO 2 and PM 2.5 emissions in their calculations and few have included regional differences, as these are difficult to describe using radial and non-radial methods. In this paper, DEA (Data Envelopment Analysis) is used to assess the energy and economic efficiencies of Chinese provinces and cities, in which the environmental pollution source variable is CO 2 , and the main methods applied are radial (CCR or BCC) and non-radial SBM (Slacks Based Measures). Different from past studies, this study used both a Meta Undesirable EBM (Epsilon-Based measure) method to overcome the radial and non-radial errors and geographical differences and AQI environmental pollution indicators to accurately assess the economic, energy, and environmental efficiencies. It was found that: (1) Guangzhou and Shanghai had the best four-year efficiencies, (2) the energy efficiency differences in each city were large and there was a significant need for improvements, (3) the GDP efficiencies in each city were high, indicating that all cities had strong economic development, (4) the CO 2 efficiencies indicated that around half the cities had had sustained improvements, (5) the AQI efficiencies in each city were low and there was a significant need for improvement, and (6) the technological differences between the cities were large, with the efficiencies in the high-income cities being much higher than in the low-income cities.
Introduction
From 2010 to 2015, China's GDP output grew at an annual rate of 8%, and even though it declined in 2015, it managed to achieve an annual growth of 6%. By 2016, China's GDP was around 18% of the global GDP [1] . Most of China's economic growth was due to growth in the industrial sector, with coal and electrical energy being the main engines for GDP growth. However, the rise in the industrial and manufacturing sectors has had an adverse impact on China's environment, and it is now the largest global carbon dioxide emitter, with three-quarters of Chinese cities failing to meet domestic air quality standards [1] . In the 2015 Paris Agreement, China set a target of a 60-65% reduction in carbon dioxide emissions by 2030 from 2005 levels. The "13th Five-Year Ecological Environmental Protection Plan" (2016-2020), which was formulated in 2016, set a target of 80% "good" air quality in 338 major cities by 2020. Although many measures have been taken to limit carbon dioxide emissions; regional economies, populations, and resources vary widely, with the energy demands in each region being quite different. For example, the coastal industrial provinces in the eastern region have higher energy demands than the western provinces. Therefore, it is vital to track the economic, energy and found to come mainly from technological introductions, and that foreign direct investment (FDI) had an important effect on imitation innovation and was able to improve China's energy efficiency.
In assessments on the environmental impacts of CO 2 emissions, Ang and Zhang [23] examined the differences between global CO 2 emissions and CO 2 emissions per capita, Zofil and Priteo [24] used DEA to assess the relative efficiency of manufacturing in 14 OECD countries and found that undesirable CO 2 emissions output had an adverse impact, and Sueyoshi and Goto [25] used data envelopment analysis and the Marquist Productivity Index to explore the relationships between mixed fuel energy, electricity, and carbon dioxide in 10 industrial countries and their respective impacts on environmental output. Chansarn [26] evaluated the efficiency of 115 high-and middle-income countries, with carbon dioxide emissions as undesirable output, finding that Croatia, Hong Kong, Hungary, Israel, Malta, Poland, Portugal, Sweden, and Switzerland were using less resources to achieve maximum efficiency and therefore had less impact on the environment. Zhou et al. [27] used non-radial DEA to assess environmental efficiency, with the desirable output being GDP, and the undesirable outputs being CO 2 emissions, NO X emissions, SO X emissions, and CO emissions. Sozen et al. [28] used DEA to assess the operations and environmental efficiencies of 15 thermal power plants in Turkey and used CO 2 emissions, SO 2 emissions, NO 2 emissions, and other gas emissions to assess thermal power generation efficiency. Tsolas [29] explored the production efficiencies of fossil fuel power plants in Greece, with net power as the desirable output, and sulfur dioxide SO 2 , nitrogen oxides NO X , and carbon dioxide CO 2 as the undesirable outputs. Yang et al. [30] assessed urban sustainability with pollution as the undesirable output to measure the input-output efficiency of Taiwan's 22 administrative regions, finding that Taipei City and Lianjiang County were the most sustainable cities, the industrial structure had a significant impact on resource efficiency and pollution efficiency, and that Taiwan needed to improve its electricity and water efficiencies. Yang et al. [31] used an SBM model to evaluate the combined heat and power (CHP) of 31 Chinese eco-industrial parks, with the inputs being coal consumption, freshwater consumption, capital depreciation, and operating costs, and the outputs being electricity, heat, and greenhouse gas emissions. The eco-and thermal efficiencies at the CHP plants were found to be very different, and the annual working hours were found to be the most important factors affecting eco-efficiency. Qin et al. [32] dynamically assessed the energy efficiencies in China's coastal areas from 2000 to 2012 using a global Malmquist-Luenberger Productivity Index and found that these regions had the following characteristics: (1) the economic development level was positively correlated with energy efficiency performance; (2) except for Beijing and Hainan, energy efficiency performances declined when the undesirable output was considered; (3) the energy efficiency of the Bohai Economic Zone had improved; and (4) the main obstacles to energy efficiency were technological improvements, scale efficiency, and management. Guo et al. [33] assessed the coal consumption efficiencies of six energy-intensive industries in China in 2015, with sulfur, carbon dioxide, nitrogen oxides and industrial fumes, and dust and soot emissions being the undesirable outputs, and found that there were two energy-intensive industries with higher coal economic efficiency than coal environmental efficiency, concluding that China should pay more attention to green coal energy use and that highlighting economic benefits over environmental impacts tended to obscure the negative environmental impacts.
Some environmental research has focused on specific issues. Wang et al. [34] used an SBM, window analysis and a panel Tobit regression to assess carbon emissions efficiencies in China from 2003 to 2016 (11th Five-Year Plan), finding that resource quantity, abatement potential, and resource dependence all affected carbon emissions. Li et al. [35] investigated the relationships between natural resources, manufacturing structures, and carbon emissions in China from [2003] [2004] [2005] [2006] [2007] [2008] [2009] [2010] [2011] [2012] [2013] [2014] , and found that resource dependence and industrialization could positively influence emissions reductions. Ji et al. [36] examined 18 top European electricity companies and explored the interdependence of carbon price and electricity stock returns. Zhang et al. [37] calculated the energy intensity in China and found that the rate was decreasing. Ma et al. [38] examined the fog and haze in 152 cities in China, finding that emissions in China were consistent with the Environmental Kuznets Curve (EKC) and that air pollutants were specifically associated with economic development. Xian et al. [39] conducted a scenario analysis on carbon emissions reductions in China from 2016-2020 and provided policy suggestions. Han et al. [40] examined 89 "Belt and Road" (BR) countries, finding that that trade and regional cooperation improved overall energy efficiency.
More recently, a Directional Distance Function (DDF) approach was used in environmental research. For example, Riccardi et al. [41] analyzed cement industry emissions in 21 countries using three DEA methods (CCR, BCC, DDF). Wang et al. [42] estimated firm energy performances and technology gaps in Guangdong using a meta-frontier DDF. DDF has also been used in cost abatement analyses [43] [44] [45] . Of the above research approaches, CCR and BCC model are radial models and the DDF model is able to separately conduct both radial and non-radial analysis separately; therefore, as there is as yet no model that can deal with both radial and non-radial analyses, in this paper, a meta-undesirable EBM DEA model is designed to account for both the radial and non-radial models.
Chinese regional economic and environmental differences and other air pollutants are considered in the meta-undesirable EBM DEA model in this paper to explore the energy and economic efficiencies in 31 Chinese cities.
Research Method
DEA was first proposed by Farrell [46] in 1957, after which Charnes et al. [47] developed the main theoretical CCR model. Banker et al. [48] then expanded the assumptions on the returns to scale and proposed BCC models for Technical Efficiency (TE) and Scale Efficiency (SE), both of which were able to measure radial efficiency and in which the inputs and outputs were assumed to proportionally increase or decrease. Tone [49] then proposed a non-radial Slacks-Based Measure that was able to account for both input slacks and the differences in the terms on a single scalar SBM 0 to 1 efficiency scale. Directional Distance Function (DDF) uses a directional function to analyze DMU efficiency, and as the directional input and output vectors indicate the relative importance, DDF is therefore able to effectively coordinate the undesirable output variables in the model ( [50] ), which means that for any given input, the desirable output can be increased and the undesirable output decreased. Cooper et al. [51] also included undesirable output in an SBM model. However, as both the CCR and BCC are radial DEA models, they ignore the non-radial slacks when evaluating efficiency values, and the SBM, which is a non-radial DEA model, fails to consider the characteristics of the radial model. To resolve these shortcomings, Tone and Tsutsui [52] proposed the EBM (Epsilon-Based Measure) DEA model.
Non-Oriented EBM
With n DMU, where DMU j = (DMU 1 , DMU 2 , . . . , DMU k , . . . , DMU n ). m kinds of inputs X j = X 1j , X 2j , . . . , X mj , and s outputs Y j = Y 1j , Y 2j , . . . , Y sj , the efficiency value of DMU: 
Set of radial θ and non-radial slacks, ε y : Set of radial η and non-radial slacks.
Empirical Model for This Study: Modified Meta Undesirable EBM DEA Model
As Tone and Tsutsui's [52] EBM model did not consider undesirable factors or regional differences, based on the EBM DEA, the meta frontier, and the undesirable factors, this paper proposes a modified meta-free EBM DEA model to evaluate the energy, economy, CO 2 , and AQI efficiencies in 31 cities in China.
The modified meta unwanted EBM DEA model is described in the following: Traditional DEA usually assumes that all producers have the same level of production technology; however, decision-making units often have different production technologies because of different management types, resources, regulations, or environmental situations. Battese and Rao [53] , Battese et al. [54] , and O'Donnell et al. [55] applied the meta-frontier concept to efficiency estimations to estimate the meta-frontier of all samples, then grouped the decision-making units to estimate the group frontier for each individual group. Finally, the distance between the meta-frontier and the group frontier was used to assess the level of production technology in the group sample.
N firms are composed of the DMU groups (N = N 1 + N 2 + . . . + N G ), x ij and y rj are the inputs, i (i = 1, 2, . . . , m) and the final output is r (r = 1, 2, . . . , S) for the unit j (j = 1, 2, . . . , N). Under the meta-frontier, the output weight u g r (r = 1, 2, . . . , S) can be used to reach optimal efficiency, and the efficiency under the meta-frontier can be determined using the following linear programming procedure. 
Meta UNDESIRABLE EBM min
Set of radial θ and non-radial slack, ε y : Set of radial η and non-radial slack. From the above equations, the overall technological efficiency of all cities can be determined under the meta-frontier. Using Equation (2), the overall technological efficiency of all high-income and upper-middle income cities can be determined under the meta-frontier.
Undesirable EBM group meta-frontier model
The high income and upper-middle income cities are divided into decision-making units, each of which chooses an optimal output weight. The efficiency is then determined as shown in the following model:
Technology gap ratio (TGR)
The ratio of the overall meta-frontier and the group meta-frontier is called the Technology Gap Ratio (TGR), which is calculated as follows:
3.2. Urban Energy, Environmental, CO 2 , AQI, and GDP Efficiencies
Based on the total-factor energy efficiency in Hu and Wang [2] , the energy efficiency is analyzed using an economic production function model and DEA, with economic productivity, labor, capital and energy as the inputs, and GDP as the output. Energy consumption can be reduced to an optimal level (most efficient) when GDP is increasing. In the DEA framework, energy efficiency is estimated from the distance between energy consumption and the efficiency frontier.
DEA uses linear programming to estimate the efficiencies of the decision-making units (DMU). When a DMU's efficiency is on the DEA efficiency frontier, the DMU is efficient; otherwise, the DMU is not efficient. Therefore, the project point on the frontier is the goal of inefficient DMUs. The calculation method to determine the target input and output is as follows:
Target value = original value + adjustment value For the adjustment value, the input must be reduced and the output increased to reach optimal efficiency. For the energy input, the "target energy level" is the optimal energy consumption efficiency. Therefore, the energy consumption adjustment value is the distance between the target value and the original value, and also reflects the actual energy consumption inefficiency; the definition for which is as follows:
Total − factor energy efficiency = Target energy input (i, t) Actual energy input (i, t) Due to a lack of target and actual pollution comparisons, Li and Hu [5] designed the following index:
Ecological total − factor pollution efficiency index = Target pollution (i, t) Actual pollution (i, t)
In line with Hu and Wang [2] , a total-factor energy efficiency index was used to overcome any possible bias in the traditional energy efficiency indicators. There are four key features in this study: energy efficiency, CO 2 efficiency, AQI efficiency, and GDP efficiency. In this study, i represents area and t represents time.
Input: Energy efficiency
The energy efficiency is the ratio of the target energy input to the actual energy input:
When the target energy input is judged as efficient, it is equal to the actual input level and the energy efficiency equals 1. When the target energy input is less than the actual input level, the energy efficiency is less than 1, indicating some degree of inefficiency.
Undesirable Output: CO 2 efficiency
The CO 2 efficiency is the ratio of the target undesirable CO 2 output to the actual undesirable CO 2 output:
When the target CO 2 undesirable output is equal to the actual Co2 undesirable output level, the CO 2 efficiency equals 1, indicating efficiency. When the target undesirable CO 2 output is less than the actual undesirable CO 2 output, the CO 2 efficiency is less than 1, indicating some degree of inefficiency.
Undesirable Output: AQI efficiency
The AQI efficiency is the ratio of the target undesirable AQI output to the actual undesirable AQI output:
When the target undesirable AQI output is equal to the actual undesirable AQI output, the AQI efficiency equals 1, indicating efficiency. When the target undesirable AQI output is less than the actual undesirable AQI output, the AQI efficiency is less than 1, indicating some degree of inefficiency.
Desirable Output: GDP efficiency
The GDP efficiency is the ratio of actual desirable GDP output to target desirable GDP output:
When the target desirable GDP output is equal to the actual desirable GDP output, the GDP efficiency equals 1, indicating efficiency. When the actual desirable GDP output is less than the target desirable GDP output, the GDP efficiency is less than 1, indicating some degree of inefficiency.
Empirical Results

Data and Variables
From past research on energy and environment, the inputs have generally been labor, fixed assets, and energy consumption [2, 7, 12, 17] , and the outputs have been GDP, CO 2 and SO 2 [7, 17, 23, 24] . This study used panel data from 31 of the most developed high income and upper-middle income cities in China. Data from 2013 to 2016 were extracted from the Statistical Yearbook of China, the Demographics and Employment Statistical Yearbook of China, and the Statistical yearbooks from each city. Air pollutant data were collected from China Environmental Protection Bureau reports.
Input variables: A: Labor (em): (Unit: person)
The number of labor registrations in each city at the end of each year. B: Fixed assets (asset): (Unit: 100 million CNY).
Capital stock in each city was calculated from the fixed assets investment C: Energy consumption (con): (Unit: 100 million tonnes)
The total energy consumption in each city.
Output variable: E: Gross domestic production (GDP): (Unit: 100 million CNY)
The GDP in each city was taken as the city's output.
Undesirable variables:
The AQI was the measured concentration of pollutants and particulate matter (PM 2.5 and PM 10 24-h average concentration); sulfur dioxide (SO 2 ), Nitrogen Dioxide (NO 2 ), Ozone (O 3 ) and Carbon monoxide (CO) The CO 2 emissions data for each city were estimated from the energy consumption breakdown by fuel category.
Traditionally, research has divided China into eastern, central, and western regions based on geographical location; however, these classifications do not directly reflect the production technology level variations [56, 57] . Therefore, based on the World Bank's classification of rich and poor countries, the 31 cities were divided into high-income cities and upper-middle income cities, with the upper middle-income economies having a GNI per capita between $3896 and $12,055, and the high-income economies having a GNI per capita of $12,056 or more.
This study divided the 31 sample cities into two regions-high-income cities: Beijing, Changsha, Fuzhou, Guangzhou, Hangzhou, Huhehot, Jinan, Nanchang, Nanjing, Shanghai, Shenyang, Tianjin, Wuhan, Zhengzhou (14 cities in total); and upper-middle income cities: Chengdu, Changchun, Chongqing, Guiyang, Harbin, Haikou, Hefei, Kunming, Lanzhou, Lhasa, Nanning, Shijiazhuang, Taiyuan, Urumqi, Xian, Xining, Yinchuan (17 cities in total). Figure 1 shows the total and growth in the input indicators for each city from 2013 to 2016. The input indicator with the largest growth was fixed assets, and the output indicator with the largest growth was GDP. The maximum value of the fixed assets rose for four years, indicating that the city asset investments increased substantially. The minimum value for the fixed assets also rose. The maximum GDP value rose, especially from 2015 to 2016. The growth in the minimum GDP fluctuated, with the value in 2015 being slightly lower than in 2014. Figure 1 shows the total and growth in the input indicators for each city from 2013 to 2016. The input indicator with the largest growth was fixed assets, and the output indicator with the largest growth was GDP. The maximum value of the fixed assets rose for four years, indicating that the city asset investments increased substantially. The minimum value for the fixed assets also rose. The maximum GDP value rose, especially from 2015 to 2016. The growth in the minimum GDP fluctuated, with the value in 2015 being slightly lower than in 2014. The growth in the maximum and minimum energy consumption in the various cities fluctuated. The consumption of traditional energy was controlled by the government, and the development of new energy was insufficient. The maximum value began to decrease in 2014 but rose again in 2015 and 2016. The minimum value continued to decline, and the average value in each city was significantly lower in 2016 than in the previous three years.
Statistical Description of the Input and Output Variables by Year
The maximum, minimum, and average value for the number of labor grew slowly, indicating that the employment population in each city was growing slowly. Table 1 shows the input-output indicators for the high-income cities and upper-middle income cities divided by the economic development level from 2013 to 2016. The average labor input in the high-income cities was significantly higher than the average labor input in the upper-middle income cities; however, the labor input in both the high income and upper-middle income cities was gradually growing. The growth in the maximum and minimum energy consumption in the various cities fluctuated. The consumption of traditional energy was controlled by the government, and the development of new energy was insufficient. The maximum value began to decrease in 2014 but rose again in 2015 and 2016. The minimum value continued to decline, and the average value in each city was significantly lower in 2016 than in the previous three years.
The maximum, minimum, and average value for the number of labor grew slowly, indicating that the employment population in each city was growing slowly. Table 1 shows the input-output indicators for the high-income cities and upper-middle income cities divided by the economic development level from 2013 to 2016. The average labor input in the high-income cities was significantly higher than the average labor input in the upper-middle income cities; however, the labor input in both the high income and upper-middle income cities was gradually growing. -middle income  7361294  3030  2400  3804  7340  146  2014  high income  10658129  5260  5136  10331  12421  94  upper-middle income  7404954  3540  2427  4165  7388  91  2015  high income  10784014  7007  5174  11097  12264  90  upper-middle income  7878600  3231  2255  4494  7178  81  2016  high income  10909971  6999  4141  11978  10789  81  upper-middle income  8022387  3295  2369  4851  6714  80 The average fixed assets in the high-income cities was significantly higher than in the upper-middle income cities, and was continuing to rise. The average fixed assets in the upper-middle income cities grew slowly, reached a peak in 2014, and was followed by a slight decline; however, the 2016 average fixed assets were slightly higher than in 2013. The gap between the average fixed assets in the upper-middle income regions and the high-income cities expanded significantly. The average energy consumption in the high-income cities was significantly higher than in the upper-middle income cities, was slowly rising from 2013 to 2015, but significantly declined in 2016. The average energy consumption in the upper-middle income cities was fluctuating up slowly, with average energy consumption in 2016 being slightly higher than in 2013. In 2015, the gap between the two regions was the largest; however, the gap in 2016 was the smallest.
The average GDP in both the high and middle income cities rose, but the growth in the upper-middle income cities was smaller than the significant growth in the high-income cities. In 2016, the average GDP gap between the two city types continued to expand.
There were generally higher regional average CO 2 emissions in the high-income cities than in the upper-middle income cities; however, after a peak in 2015, CO 2 emissions fell to their lowest in 2016. Carbon dioxide emissions in the upper-middle income cities fluctuated down, reached a peak in 2014, and fell to a minimum in 2016.
The differences in the average AQI index between the high-income and upper-middle income cities were very small; overall, the average AQI emissions in both sectors continued to fall significantly. Table 2 and Figure 2 show the overall efficiencies in each city. The only two cities with overall efficiencies of 1 for all four years were Guangzhou and Shanghai; however, Beijing's overall efficiency had a declining tendency. There was room for improvement in the overall efficiencies in the other cities; for example, Fuzhou, Guiyang, Haikou, Kunming, Lanzhou, Lhasa, Shijiazhuang, Taiyuan, Xining, and Yinchuan all had four-year efficiencies below 0.6. Nanning's total efficiency dropped to around 0.8 in the last year, Zhengzhou's four-year efficiency was 0.9 in the first three years, and dropped to 0.7 in the last year, and the other cities had efficiencies between 0.6 and 0.8.
Overall Efficiency Scores in the Cities from 2013 to 2016
Hangzhou and Nanjing had continuous overall efficiency increases over the four years, with the efficiencies in 2016 being slightly lower than in 2015. The overall efficiencies in Changsha, Chengdu, Guiyang, and Hohhot's rose in the first three years and declined in the last year. More cities had declining or fluctuating overall efficiencies, and the cities with the greatest need for improvements were Shijiazhuang and Xining. There was room for improvement in the overall efficiencies in the other cities; for example, Fuzhou, Guiyang, Haikou, Kunming, Lanzhou, Lhasa, Shijiazhuang, Taiyuan, Xining, and Yinchuan all had four-year efficiencies below 0.6. Nanning's total efficiency dropped to around 0.8 in the last year, Zhengzhou's four-year efficiency was 0.9 in the first three years, and dropped to 0.7 in the last year, and the other cities had efficiencies between 0.6 and 0.8.
Hangzhou and Nanjing had continuous overall efficiency increases over the four years, with the efficiencies in 2016 being slightly lower than in 2015. The overall efficiencies in Changsha, Chengdu, Guiyang, and Hohhot's rose in the first three years and declined in the last year. More cities had declining or fluctuating overall efficiencies, and the cities with the greatest need for improvements were Shijiazhuang and Xining. The results of the radial and non-radial DEA analysis for each city in this study are shown in Table 3 . The sample Epsilon score in this study compared the radial DEA and the non-radial DEA; the main radial analysis was close to 0 and the main non-radial analysis was close to 1. Table 2 indicates that the radial DEA model was more appropriate for this analysis. Tables 4 and 5 show the efficiencies for the labor, fixed assets, GDP, energy consumption, CO 2 , and AQI indicators for each city from 2013 to 2016. All indicators in Guangzhou and Shanghai had efficiencies of 1 for all four years and therefore there was no need for improvements. The efficiency in Beijing from 2013-2016 reached 1 in only a few years and was worse than in Shanghai and Guangzhou. In particular, as the weather conditions in Shanghai and Guangzhou are better than in Beijing, the spread of the air pollutants was better. The labor efficiencies were higher than the fixed assets and energy consumption efficiencies. Cities with labor efficiencies below 0.6 for all four years included Chongqing, Lanzhou, Shijiazhuang, and Xining, all of which are in the central and western parts of China where both economic and social development is still relatively low and labor inefficiencies are generally related to labor productivity. Labor efficiency increased over time in most cities; however, in Beijing, Lhasa, Harbin, Nanchang, Urumqi, and Xian, it declined or fluctuated over the four years, and in Changchun, Chengdu, Guiyang, Hefei, and Zhengzhou it dropped significantly in 2016.
The fixed assets efficiencies in each city were lower than the labor and energy consumption efficiencies, and most cities had generally lower efficiencies for all four years, except for Guangzhou and Shanghai with fixed assets efficiencies of 1 for all four years. However, improvements were needed in all other regions. Beijing, Changchun, Chengdu, Harbin, Jinan, Nanning, Shenyang, Urumqi, and Zhengzhou had annual efficiencies above or close to 0.6, Beijing's fixed assets efficiency was 1 in 2013 and 2015, but only 0.95 in 2014 and 2016, and in other cities, the fixed assets efficiency was generally below 0.7. Seventeen cities had fixed assets efficiencies of less than 0.6 for four years, with the lowest being in Lhasa at only 0.4 in 2013, after which it continued to drop to close to 0.3. Only a few cities had rising fixed assets efficiencies such as Nanjing, Shenyang, Wuhan, and Xian. The most significant fixed assets efficiency rise was in Shenyang, which rose from around 0.3 in 2013 to 1 in 2016; Jinan's rise was also large, from less than 0.6 in 2013 to 1 in 2016. More cities had declining fixed assets efficiencies; for example, Nanning's dropped significantly in 2016 to around 0.54, and Chongqing's also fell from around 0.5 in 2013 to below 0.4 in 2014, and then to nearly 0.3 in 2016.
The differences between the energy consumption efficiencies were very large. Guangzhou and Shanghai had efficiencies of 1, Beijing's dropped slightly to 0.98 in 2014 and 2016, and Nanning's efficiency was 1 in 2013 and 2015 but dropped to 0.9 in the final year. Five cities-Changchun, Harbin, Hebei, Nanchang, and Zhengzhou-had energy consumption efficiencies above 0.8 in all four years, but Guiyang, Lanzhou, Shijiazhuang, Taiyuan, and Yinchuan had efficiencies below 0.6 in all four years. The city with the lowest energy consumption efficiency was Taiyuan, which had its highest efficiency of only 0.2 in 2016. Taiyuan's main industries are focused on the coal and the petrochemical industries and therefore it has large carbon dioxide emissions and air pollutant emissions. While Lanzhou's efficiency was slightly better than Taiyuan, its best efficiency was only around 0.3 in 2013, after which it fell.
Chongqing, Fuzhou, Guiyang, Hangzhou, Huhehot, Jinan, Kunming, Nanjing, Shenyang, Taiyuan, Tianjin, Wuhan, Urumqi, and Xining had increasing energy consumption efficiencies. The city with the largest increase was Jinan, which rose from an efficiency of around 0.5 in 2013 to 1 in 2016. Shenyang's efficiency was slightly higher than 0.6 in 2013 and rose to 1, and Xining's rose slightly from 0.2 in 2013 to slightly above 0.5 in 2016.
Cities with declining energy consumption efficiencies for all years were Beijing, Changchun, Changsha, Chengdu, Harbin, Hefei, Lanzhou, Lhasa, Nanchang, Nanning, Shijiazhuang, Xian, Yinchuan, and Zhengzhou, most of which experienced slow declines. The cities with relatively large energy consumption efficiency declines were Harbin, Nanchang, and Yinchuan.
The GDP efficiencies in each city were generally high, with most cities having efficiencies above 0.7. The efficiencies in Beijing, Guangzhou, Shenyang, and Nanning were 1 for the first three years but fell to around 0.9 in 2016. Cities with relatively poor GDP efficiencies were Guiyang, Kunming, Lanzhou, Shijiazhuang, Taiyuan, and Xining, all of which were below 0.8.
Cities with rising GDP efficiencies were Changsha, Chongqing, Guiyang, Hangzhou, Jinan, Kunming, Lanzhou, Nanjing, Shenyang, Taiyuan, Tianjin, Wuhan, Xining, and Yinchuan, with Jinan having the largest rise from 0.8 in 2012 to 1 in 2016. Shenyang's GDP efficiency was close to 0.85 in 2013, declined slightly in 2014 and 2015, and rose to 1 in 2016. While the GDP efficiency in the other cities declined, the decline was small.
As Figure 3 shows, Guangzhou and Shanghai had CO 2 efficiencies of 1 for 4 years, Beijing's fell slightly to 0.98 in 2014 and 2016, and Nanning's fell to around 0.9 in 2016. Nanning's efficiency for the first three years was 1, but fell to around 0.9 in the last year. Other cities with efficiencies above 0.9 for all four years were Changchun, Harbin, Hefei, Nanchang, and Zhengzhou. The city with the worst CO2 efficiency was Taiyuan, with efficiencies in all years being below 0.2, followed by Lanzhou, where the highest efficiency was around 0.33 in 2014. Xining's efficiency for 2016 was only slightly above 0.5, but was below 0.3 in the other years. The other cities had CO2 efficiencies between 0.5 and 0.8. Generally, the cities with the greatest need for improvements were cities in the relatively less developed central and western regions.
Cites in which the CO2 efficiencies were declining were Changchun, Changsha, Harbin, Guiyang, Haikou, Huhehot, Lanzhou, Lhasa, Nanchang, Nanning, Shijiazhuang, Xian, and Zhengzhou, with the largest declines being in Harbin and Nanchang; however, the magnitude was not large.
Except for Guangzhou and Shanghai, the CO2 efficiencies in the other 16 cities increased. The city with the largest increase was Jinan, rising from 0.5 in 2013 to 1 in 2016, followed by Shenyang, which rose slightly from 0.6 in 2013 to 1 in 2016.
Lanzhou, Taiyuan, and Yinchuan had CO2 efficiencies of less than 0.4 over the four years; however, Lanzhou and Taiyuan's increased slightly in the last two years, while Yinchuan's had a significant decline. Xining's efficiency in the first three years was around 0.2, but by 2016, it had risen significantly to above 0.5. Changsha, Chengdu, Chongqing, Fuzhou, Haikou, Hangzhou, Lhasa, Tianjin, Wuhan, Urumqi and Xian had efficiencies between 0.8 and 0.6, Hohhot's efficiency fell below 0.4 in 2014 and was between 0.6 and 0.8 in the other years, and Shenyang's rose significantly to 1 in The city with the worst CO 2 efficiency was Taiyuan, with efficiencies in all years being below 0.2, followed by Lanzhou, where the highest efficiency was around 0.33 in 2014. Xining's efficiency for 2016 was only slightly above 0.5, but was below 0.3 in the other years. The other cities had CO 2 efficiencies between 0.5 and 0.8. Generally, the cities with the greatest need for improvements were cities in the relatively less developed central and western regions.
Cites in which the CO 2 efficiencies were declining were Changchun, Changsha, Harbin, Guiyang, Haikou, Huhehot, Lanzhou, Lhasa, Nanchang, Nanning, Shijiazhuang, Xian, and Zhengzhou, with the largest declines being in Harbin and Nanchang; however, the magnitude was not large.
Except for Guangzhou and Shanghai, the CO 2 efficiencies in the other 16 cities increased. The city with the largest increase was Jinan, rising from 0.5 in 2013 to 1 in 2016, followed by Shenyang, which rose slightly from 0.6 in 2013 to 1 in 2016.
Lanzhou, Taiyuan, and Yinchuan had CO 2 efficiencies of less than 0.4 over the four years; however, Lanzhou and Taiyuan's increased slightly in the last two years, while Yinchuan's had a significant decline. Xining's efficiency in the first three years was around 0.2, but by 2016, it had risen significantly to above 0.5. Changsha, Chengdu, Chongqing, Fuzhou, Haikou, Hangzhou, Lhasa, Tianjin, Wuhan, Urumqi and Xian had efficiencies between 0.8 and 0.6, Hohhot's efficiency fell below 0.4 in 2014 and was between 0.6 and 0.8 in the other years, and Shenyang's rose significantly to 1 in the last year. Therefore, the CO 2 efficiencies increased in half the cities, but declined in the other half. Chengdu, Chongqing, Fuzhou, Guiyang, Hangzhou, Jinan, Kunming, Nanjing, Shenyang, Taiyuan, Tianjin, Urumqi, and Xining had increased efficiencies, indicating that the need for improvements was shrinking, and Changchun, Changsha, Harbin, Haikou, Hebei, Lhasa, Nanchang, Nanning, Xian, Yinchuan, and Zhengzhou had declining efficiencies, indicating that the need for improvements was increasing.
The AQI efficiencies in each city were significantly lower than the CO 2 efficiencies. Of the 31 cities, only Guangzhou and Shanghai had AQI efficiencies of 1, Beijing's declined slightly in 2014 and 2016, and Nanning attained 1 in the first three years but dropped to 0.9 in the final year. More cities had very low AQI efficiencies, with Changsha, Guiyang, Haikou, Hohhot, Lanzhou, Lhasa, Taiyuan, Urumqi, Xining, and Yinchuan all having AQI efficiencies below 0.4 for all four years, and with Hohhot, Lanzhou, Lhasa, Taiyuan, Urumqi, Xining, and Yinchuan all being lower than 0.2. Changchun, Fuzhou, Hangzhou, Hebei, Kunming, Nanchang, and Tianjin had efficiencies between 0.4 and 0.6 for three years, and Chengdu, Chongqing, Harbin, and Zhengzhou had efficiencies between 0.6 and 0.8.
Twelve cities had continuous efficiency declines; Beijing, Fuzhou, Huhehot, Lanzhou, Lhasa, Nanchang, Nanning, Taiyuan, Tianjin, Urumqi, Xining, and Yinchuan. Fuzhou, the city with the largest decline, fell from around 0.7 in 2013 to less than 0.5 in 2016.
Except for Guangzhou and Shanghai, the AQI efficiencies in 17 cities increased. The city with the largest increase was Jinan, which rose from 0.2 in 2013 to 1 in 2016, followed by Shenyang, which was close to but below 0.4 in 2013 but rose to 1 in 2016. In the other cities, there was a small increase.
Chengdu (slightly down in 2015, rose to above 0.7 in 2016), Harbin (significantly dropped to 0.7 in 2015, and rebounded to 0.8 in 2016), Jinan (significantly rose to 1 in 2016), Kunming (also slightly lower than 2013 in 2014, and then continued to rise), Nanjing, Nanchang, Shenyang, Xian, and Zhengzhou had generally rising efficiencies. Overall, the AQI efficiencies in seven cities were still falling and the need for improvement was increasing.
There were large differences in the CO 2 emissions and air pollution emissions efficiencies in the cities. Table 6 compares the CO 2 and AQI efficiency scores in the cities from 2013 to 2016 and suggests mitigation policies. Table 6 . CO 2 and AQI comparisons and policy suggestions.
NO DMU
1 Beijing The CO 2 efficiency was slightly lower than the AQI efficiency, CO 2 emissions and air pollutant emissions need to be and comprehensively treated. 2 Changchun The CO 2 efficiency was better than the AQI efficiency and fluctuated down. The AQI efficiency had a greater need for improvement, but rose and made significant progress. 3 Changsha The CO 2 efficiency was better than the AQI efficiency, the CO 2 efficiency was slightly higher than 0.6, and the AQI efficiencies were all lower than 0.4; therefore, the AQI should be treated. 4 Chengdu The CO 2 and AQI efficiencies were basically the same. The AQI was slightly lower than the CO 2 , so there should be an increased focus on AQI monitoring and governance. 5
Chongqing As the CO 2 and AQI efficiencies were basically the same, both the AQI and CO 2 need attention. 6 Fuzhou The AQI efficiency was lower than the CO 2 , and the AQI efficiency continued to decline, requiring a focus on AQI and then joint governance 7 Guangzhou Optimal. 8 Guiyang The AQI efficiency was lower than the CO 2 , and AQI efficiency continued to decline, requiring a focus on AQI and then joint governance 9
Harbin The AQI efficiency was slightly lower than the CO 2 ; therefore, priority should be given to AQI. 10 Haikou The AQI efficiency was slightly lower than the CO 2 ; therefore, priority should be given to AQI. 11 Hangzhou The AQI efficiency was significantly lower than the CO 2 ; therefore, priority should be given to the AQI and some measures taken to reduce CO 2 . 12 Hefei The AQI efficiency was significantly lower than the CO 2 ; therefore, priority should be given to the AQI and some measures taken to reduce CO 2 . 13 Huhehot The AQI efficiency was significantly lower than the CO 2 ; therefore, priority should be given to the AQI and some measure taken to reduce CO 2 . 14 Jinan Comprehensively manage both AQI and CO 2 , but pay more attention to the AQI 15 Kunming The AQI efficiency was slightly lower than the CO 2; therefore, priority should be given to AQI. 16 Lanzhou Neither of the two indicators were efficient, but the AQI was less efficient; therefore, priority should be given to AQI and then focus placed on comprehensive governance. 17 Lhasa The AQI efficiency was slightly lower than the CO 2 , 18 Nanchang The AQI efficiency was significantly lower than the CO 2 ; therefore, priority should be given to the AQI and some measures taken to reduce CO 2 . 19 Nanjing The AQI efficiency was significantly lower than the CO 2 ; therefore, priority should be given to the AQI and some measures taken to reduce CO 2 . 20 Nanning Both indicators were good, with less than 1 in 2016. Co-governance should be strengthened to maintain effective carbon dioxide emissions and air pollution control 21 Shanghai Both achieved the best; strengthen comprehensive management and monitoring, lead new technology analysis and governance model analysis. 22 Shenyang Both indicators reached 1. The AQI efficiency was lower than the CO 2 in 2016; therefore, comprehensive management needs to be strengthened. 23 Shijiazhuang The AQI efficiency was slightly lower than the CO 2; therefore, priority should be given to AQI.
24
Taiyuan Both indicators had a lot of room for improvement, CO 2 emission efficiency had not changed much, AQI has continued to decline, and joint governance needs to be strengthened with AQI as the priority. 25 Tianjin The AQI efficiency was slightly lower than the CO 2; therefore, priority should be given to AQI. 26 Wuhan The AQI efficiency was significantly lower than the CO 2 ; therefore, priority should be given to the AQI and some measures taken to reduce CO 2 . 27 Urumqi The AQI efficiency was significantly lower than the CO 2 ; therefore, priority should be given to the AQI, and some measures taken to reduce CO 2 . 28 Xian The AQI efficiency was significantly lower than the CO 2 ; therefore, priority should be given to the AQI and some measures taken to reduce CO 2 . 29 Xining The AQI efficiency was significantly lower than the CO 2 ; therefore, priority should be given to the AQI and some measures taken to reduce CO 2 . 30 Yinchuan The AQI efficiency was significantly lower than the CO 2 ; therefore, priority should be given to the AQI, and some measures taken to reduce CO 2 . 31 Zhengzhou The AQI efficiency was significantly lower than the CO 2 ; therefore, priority should be given to the AQI and some measures taken to reduce CO 2 . Table 7 shows the efficiency in each city within each region and the efficiency within all 31 cities. As can be seen, most cities had higher regional comparative efficiencies than when compared to the whole country; that is, the efficiency in each city in each region compared to all 31 cities was slightly higher. The group efficiencies for each city were higher than the overall country. In regional efficiencies, Changchun, Chengdu, Chongqing, Guangzhou, Nanning, Shanghai, and Urumqi had group efficiencies of 1, and Beijing and Zhengzhou had 1 in the first 3 years, but 0.98 and 0.73 in 2016.
Technology Gap Based on the Meta-Frontier
There were also differences in the efficiencies of cities in the region and efficiencies across the country. Changsha's regional efficiency score continued to rise; however, while the country-wide efficiencies showed volatile increases, this was less than the regional increases. For example, Guiyang's regional efficiency rose sharply, but in the country-wide efficiency assessment, it only slightly increased, and regionally, Harbin has fluctuating efficiencies above 0.98, but the country-wide efficiency comparison showed a decline, and by 2016 was only around 0.67.
Most cities with high regional efficiency had low national efficiency. Haikou scored high in regional efficiency, but its national efficiency continued to fall from 0.54 in 2013 to around 0.44 in 2016. Hefei's regional efficiency was higher than 0.9 and was 1 in the last two years; however, its national efficiency was only about 0.7, and by 2016 it was only about 0.64. This was also seen in Kunming.
Except for Guangzhou and Shanghai, the efficiencies in the other five cities were lower in the all-cities comparison; Changchun was about 0.8, Chengdu was around 0.6, Chongqing was below 0.7, and Urumqi was below 0.6; even though these cities had high efficiency scores in their own group. However, because of the differences in the regional economic development stages, the efficiencies in the different city groups were quite different. Compared with the other cities in the country, the efficiencies in the above cities were low.
Guangzhou and Shanghai, as well as Beijing and Nanning all achieved 1 in several years. Overall, however, the efficiencies over the four years in most cities was below 0.8, with Lanzhou, Shijiazhuang, and Xining having efficiencies of less than 0.4. Table 8 and Figure 4 show the technology gaps in each city; the higher the technology gap ratio of the city, the better the technology. Beijing, Changsha, Fuzhou, Guangzhou, Hangzhou, Hohhot, Jinan, Nanjing, Shanghai, Shenyang, Tianjin, and Wuhan had high technology gap ratios (above 0.95 and close to 1), Guiyang, Kunming, Lanzhou, Shijiazhuang, Taiyuan, Urumqi, Xining, and Yinchuan had technology gap ratios below 0.6, all of which except for Shijiazhuang, are located in the central and western regions of China and have significantly lower economic and social development than the developed cities in the coastal areas. Changchun, Chengdu, Chongqing, Haikou, Hefei, Lhasa, Xian. Haikou and Lhasa had technology gap ratios between 0.6 and 0.8 and had significantly better air pollution treatments due to their specific geographical locations and meteorological conditions, and had their main economic growth coming from tourism, rather than from high-emitting, high-polluting industries. Chengdu, Chongqing, and Xian were among the fastest-growing cities in the western region, and were also ahead of the other cities in the west in technology and innovation.
From 2013 to 2016, the technology gap in Changsha, Hangzhou, Harbin, Hohhot, Hefei, Lhasa, Nanjing, Nanning, Tianjin, Wuhan, Urumqi, Xian, Xining, and Yinchuan was declining; however, the technology gap in Chengdu, Haikou, Kunming, Lanzhou, Nanchang, and Zhengzhou was widening, with Zhengzhou rising the most significantly to nearly 1. The technology gap in other cities in 2016 dropped significantly; for example, in Changchun, the technology gap dropped from 0.82 in 2015 to 0.67 in 2016. Sustainability 2019, 9, x FOR PEER REVIEW 23 of 28 Changchun, Chengdu, Chongqing, Haikou, Hefei, Lhasa, Xian. Haikou and Lhasa had technology gap ratios between 0.6 and 0.8 and had significantly better air pollution treatments due to their specific geographical locations and meteorological conditions, and had their main economic growth coming from tourism, rather than from high-emitting, high-polluting industries. Chengdu, Chongqing, and Xian were among the fastest-growing cities in the western region, and were also ahead of the other cities in the west in technology and innovation.
From 2013 to 2016, the technology gap in Changsha, Hangzhou, Harbin, Hohhot, Hefei, Lhasa, Nanjing, Nanning, Tianjin, Wuhan, Urumqi, Xian, Xining, and Yinchuan was declining; however, the technology gap in Chengdu, Haikou, Kunming, Lanzhou, Nanchang, and Zhengzhou was widening, with Zhengzhou rising the most significantly to nearly 1. The technology gap in other cities in 2016 dropped significantly; for example, in Changchun, the technology gap dropped from 0.82 in 2015 to 0.67 in 2016. Table 9 shows the Technology Gap Ratios for the high-income and upper-middle income cities, from which it can be seen that the average Technology Gap Ratios in the high-income cities was significantly higher, with all being 1, than in the upper-middle income cities. The average Technology Gap Ratio for the upper-middle income cities did not exceed 0.7, and there were significant regional differences. The changes in the average Technology Gap Ratios in the high-income cities was not obvious, with only a small rise and then a fall. The fluctuations in the average Technology Gap Ratios in the upper-middle income cities was quite obvious, however, and by 2016, it was down 0.7 compared to 2013.
Overall, the high-income cities had a large lead compared to the upper-middle income cities, and therefore, more governance is need in the upper-middle income cities.
Conclusions and Policy Recommendations
This research used a metafrontier EBM and divided 31 Chinese cities into high-income and upper-middle income cities to compare city efficiencies, with labor, fixed assets, energy consumption as the inputs, GDP as the desirable output, and CO2 and AQI as the undesirable outputs, the results from which are as follows: Table 9 shows the Technology Gap Ratios for the high-income and upper-middle income cities, from which it can be seen that the average Technology Gap Ratios in the high-income cities was significantly higher, with all being 1, than in the upper-middle income cities. The average Technology Gap Ratio for the upper-middle income cities did not exceed 0.7, and there were significant regional differences. The changes in the average Technology Gap Ratios in the high-income cities was not obvious, with only a small rise and then a fall. The fluctuations in the average Technology Gap Ratios in the upper-middle income cities was quite obvious, however, and by 2016, it was down 0.7 compared to 2013.
This research used a metafrontier EBM and divided 31 Chinese cities into high-income and upper-middle income cities to compare city efficiencies, with labor, fixed assets, energy consumption as the inputs, GDP as the desirable output, and CO 2 and AQI as the undesirable outputs, the results from which are as follows:
1.
The input and output inefficiencies were mainly affected by radial inefficiency, with only a few cities being affected by non-radial inefficiencies.
2.
The average labor input, average fixed assets input, average energy consumption, average GDP and average CO 2 emissions efficiencies in the high-income cities were significantly greater than the efficiencies in the upper-middle income cities. The regional gap between the average fixed assets input and the average GDP output was found to be widening; however, the regional average energy consumption input differences were the lowest in 2016 and the differences in the average labor input and AQI emissions efficiencies did not change significantly.
3.
The regional efficiencies in the upper-middle income cities were generally higher than their national efficiencies. Of the 31 cities, only Guangzhou and Shanghai had input and output efficiencies of 1 for all four years in both the regional and all city comparisons. 4.
The labor efficiencies in most cities were higher than the fixed assets and energy consumption efficiencies. The upper-middle income cities of Chongqing, Lanzhou, Shijiazhuang, Xining had labor efficiencies below 0.6; however, while the labor efficiencies increased in most cities, there were 11 cities with declining labor efficiencies over all four years, with the upper-middle income cities of Changchun, Chengdu, Guiyang, Hefei, and Zhengzhou declining the most significantly. 5.
The fixed assets input efficiencies were lower than the labor and energy consumption input efficiencies, and there were 17 cities with fixed asset indicators below 0.6 in all four years. Lhasa had lowest fixed asset efficiency; Nanjing, Shenyang, Wuhan, and Xian had increasing fixed asset efficiencies; and more upper-middle income cities had declining fixed-assets efficiencies than the high-income cities. 6.
The energy consumption efficiencies in each city were very different. Guangzhou and Shanghai had efficiencies of 1, and Beijing and Nanning's were higher than 0.9. However, in most other cities, there was a significant need for improvements; Guiyang, Lanzhou, Shijiazhuang, Taiyuan, Yinchuan had efficiencies of less than 0.6 for four years, and Taiyuan and Lanzhou had the lowest energy consumption efficiencies. Chongqing, Fuzhou, Guiyang, Hangzhou, Huhehot, Jinan, Kunming, Nanjing, Shenyang, Taiyuan, Tianjin, Wuhan, Urumqi, and Xining, however, had increasing efficiencies, while Beijing, Changchun, Changsha, Chengdu, Harbin, Hefei, Lanzhou, Lhasa, Nanchang, Nanning, Shijiazhuang, Xian, Yinchuan, Zhengzhou had declining efficiencies, all of which were upper-middle income cities, except for Beijing. 7.
The GDP efficiencies were generally high, with 11 cities experiencing GDP efficiency increases; however, seven cities had declining efficiencies. Cities with relatively poor efficiencies were Guiyang, Kunming, Lanzhou, Shijiazhuang, Taiyuan and Xining. Changsha, Chongqing, Guiyang, Hangzhou, Jinan, Kunming, Lanzhou, Nanjing, Shenyang, Taiyuan, Tianjin, Wuhan, Xining, Yinchua had increasing efficiencies for all four years, while the other cities had declining efficiencies. 8.
Guangzhou and Shanghai's CO 2 efficiencies were 1 for all four years, and Beijing Changchun, Harbin, Hefei, Nanchang, Zhengzhou had CO 2 efficiencies over 0.9; however, the other cities were performing poorly. Taiyuan, Lanzhou and Yinchuan performed the worst, primarily because these cities are all dependent on the coal industry. There were decreasing CO 2 efficiencies in Changchun, Changsha, Harbin, Guiyang, Haikou, Huhehot, Lanzhou, Lhasa, Nanchang, Nanning, Shijiazhuang, Xian, and Zhengzhou, with the largest declines being in Harbin and Nanchang. The other 16 cities had increasing CO 2 efficiencies. 9.
The AQI efficiencies were generally lower than the CO 2 efficiencies. Guangzhou and Shanghai had AQI efficiencies of 1, and Beijing and Nanning's were slightly better; however, the other cities had significant room for improvement. The AQI efficiencies in 10 upper-middle income cities-Changsha, Guiyang, Haikou, Huhehot, Lanzhou, Lhasa, Taiyuan, Urumqi, Xining, and Yinchuan-were below 0.4, seven cities had efficiencies between 0.4 and 0.6, and 4 cities had efficiencies between 0.6 and 0.8. The AQI efficiencies in nine upper-middle income and three high-income cities declined-Beijing, Fuzhou, Huhehot, Lanzhou, Lhasa, Nanchang, Nanning, Taiyuan, Tianjin, Urumqi, Xining, and Yinchuan. 10. The technology gap between the cities was large. The technology gap ratio in 12 cities was high (higher than 0.95) and close to 1; in eight cities, it was below 0.6 and in seven cities, it was between 0.6 and 0.8. The technology gap was falling in 14 cities and rising in six cities. The average Technology Gap Ratio in the high-income cities was significantly higher than in the upper-middle income cities and there were large differences between the cities. There was a significantly downward fluctuation in the average Technology Gap Ratios of the upper-middle income cities.
